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Particle Swarm Optimization Algorithm With Improved
Particle Velocity and Position Update Formula
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Abstract ; Particle swarm optimization algorithm with improved particle velocity and position update formula(IPSO-VP)is
proposed to solve the problems of low solution precision, poor local search ability and slow convergence rate in the later
stage of evolution. IPSO-VP algorithm proposes an adaptive particle velocity and position update strategy, which adopts
the inertia weight based on Logistic chaos,which is nonlinear,to accelerate the convergence rate,balance the global and
local search ability of the algorithm,and improve the convergence precision. Finally,the proposed algorithm is compared
with six improved particle swarm optimization algorithms on twelve test functions. Simulation results show that the
proposed algorithm is superior to the other six improved particle swarm optimization algorithms in terms of convergence
rate and optimization precision.
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iy (1+1) = x,(1) 4o, (1+1) (2)
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Table 1 12 basic test functions

No Function Formulation Range f"pl
D
fi Sphere = (x)? [-100,100] 0
i=1
D
fa Sum Squares f= Z (ix;)? [-5.21,5.21] 0
i=1
) _
S5 Sum of Different Power f= z PR [-1,1] 0
i=1
D D
fa Schefel 2.22 =2 1w+ I 1l [-10,10] 0
i=1 i=1
D i )
/s Schwefel 1.2 =2 (X)) [-100,100] 0
i=1 o j=1
Ly LS stome)
fe Ackley f==20exp — )2 —exp( cos(2mx; ) +20+e [-32,32] 0
¢ ’ D 2 b =
D
J7 Rastrigin Z [ x2-10cos (2mx;) +10] [-5.21,521] 0

D

f= z [xlz— 10cos (21ry;) +10]

i=1

fs Noncontinuous Rastrigin X, lx;1<0.5 [-5.21,521] 0
y;={ round(2x;)
else
2

. 1 & X

fo Griewank row 21 2= T cos 7 +1 [-600,600] 0
D-1 a1
fio Levy f=sin®(mw,) + Z 2[1+10sin®(mw+1) ]+ (w,~1) [ 1+sin®(2mw,) 1,0, 1+T [-10,10] 0
=1
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ZER 1 Table 1 continued

No Function Formulation Range f(,p,
- D-1 D
f=7{1osin2<m, Z 201+ 10sin(mysy ) ]+ (v, = D2} + D U(x,,10,100,4)
I Penalized | k(x~a)™,x>a [-50,50] 0
vl (it ) Uy =05 m0 S <a
k(=x;=a)™,x<~a
. D-1
ey {10sin(myy) + 3 (= D0+ 10sin*(myi) ]+ (3, = 17+ Z U(x;,5,100,4)
i=1
iz Penalized2 k(x~a)™,x>a [-50,50] 0
1
)’F”T(Xﬁl)J/t,,u./g,m: 0,-asw;<a
k(-x~a)" x;<-a
32 HESH S EMEXEENIm

SCHR[ 8 T Hr B fE & BUE [0, 1]leﬂ I BEAILES , A< SCA A IBIE & BEAILAZ AL AT X6 >4 ipR AR A
FWE , TS M SRR, A SO AT — 20 5230 R S0 S U8 A5, 2 T o 0 & AU, SEgmiE ek 1 h
4 AR AL (D=100) , Bk b a7 #/? 50 W, IR A AS R BB AR He sy, BARSE R L 2. th3k2 H1,8
0.8 I % T HLUg pRER f, , S USAONG 2 S e 5 TR T 2 W bRER £ |, , BRSO SIGH S d bR 0 T pRER A
SR SSRGS P B T 8 MR 1 A rand I AYZEIR. #OAR S 8 M 0.8, 3R 2 thE S NECAAURR R 15 e i
ik 1) PS8 SR AR B (R )

3.3 SHEfhHE PSO Hikxttt

A SCAHFH Matlab ZPF#EFT 05 E AR PSO 3128 B AR R AR RS V =100  J RIEARIREL T, = 1 000
FAZ R AER D =30, HAW S BB B 5 OO — B0 BRI 3. SN FE M 21817 50 1k, i % 50 iz fy
25 B2 {H ( Mean value ) FIARHEZE (Standard deviation ) SR PEM B ERE , 45 R L& 4. W UL 455

DR ARG FE RS S RE | 1] 3 45 A5 oK A 12 4100 pR 5 17 B AR fh i 2.
2 B AANEMNRLERILE £3 EPSOEEHSHIEE

Table 2 Comparison of optimization results with Table 3 Parameter setting of each PSO algorithm

different values of parameter &

Algorithm Parameter setting
5 0.6 0.8 1 rand LDWPSO Wy =0.9,10,;, =0.4,¢) =c, =2
fi 2.46e-246 1.15e-252 1.01e-244 1.91e-245 MeanPSO w=0.7,¢;=¢,=2
1.50e=32 1.50e—32 1.50e-32 1.50e-32 SL-PSO A dimension dependent parameter control method is adopted
fro (110) (94) (105) (115) PHSPSO w=0.9,¢,=¢,=2
fu 47le-33  4.71e-33  6.11e-23  8.85e-16 TCSPSO Wy =0.9,10,;, = 0.4,¢) =c, =2
; 1.35e-32  1.35e-32  1.35e-32  1.35¢-32 MPSO Wiy =0.9,10,;, =0.4,¢) =c, =2
12 (112) (110) (200) (130) IPSO-PV 0 = 0 9,wmm 0.4,¢,=¢,=2,6=0.8

F4 7 WEERE 12 R DM ERIT L (D=30)
Table 4 Results comparison of 7 algorithms for 12 test functions(D=30)

Function Index IPSO-VP LDWPSO MeanPSO SL-PSO PHSPSO TCSPSO MPSO
. Mean 0.00e+00 6.63e—02 4.17e-103 4.02e-44 5.84e-184 2.42¢-103 1.05e-61
h Std 0.00e+00 4.85e-02 2.41e-102 3.52e-44 0.00e+00 9.56e-103 3.96e-61
Mean 0.00e+00 1.39e-02 1.08e—-103 1.76e-45 2.0le-182 2.76e-105 4.30e-64
f2 Std 0.00e+00 2.09e-02 4.83e-103 3.43e-45 0.00e+00 1.21e-104 1.97e-63
. Mean 0.00e+00 9.47e-15 3.75e-111 2.38e-104 9.06e-34 4.73e-151 1.41e-186
fs Std 0.00e+00 2.69e-14 1.68e-110 1.68e-103 4.69e—-33 2.66e-150 0.00e+00
Mean 1.83e-248 5.81e-01 5.50e-53 2.31e-23 2.07e-92 1.92e-58 1.23e-34
fa Std 0.00e+00 4.46e-01 2.87e=52 1.45e-23 5.02e-92 7.09e-58 7.95e-34
. Mean 0.00e+00 1.84e+01 4.38e-102 6.53e-02 2.04e-181 1.70e-78 2.90e+02
fs Std 0.00e+00 9.90e+00 2.59¢-101 5.92e-02 0.00e+00 6.10e-78 2.04e+02
Mean 8.88e-16 2.41e+00 8.88e-16 5.58e-15 8.88e-16 8.88e-16 3.59e-15
fs Std 0.00e+00 4.86e-01 0.00e+00 1.38e-15 0.00e+00 0.00e+00 1.53e-15
. Mean 0.00e+00 2.69e+01 0.00e+00 1.40e+01 0.00e+00 0.00e+00 1.13e+01
F Std 0.00e+00 8.43e+00 0.00e+00 3.86e+00 0.00e+00 0.00e+00 1.73e+01
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%K 4 Table 4 continued

Function Index IPSO-VP LDWPSO MeanPSO SL-PSO PHSPSO TCSPSO MPSO
y Mean 0.00e+00 3.81e+01 0.00e+00 1.67e+01 0.00e+00 0.00e+00 1.39e+01
s Std 0.00e+00 1.00e+01 0.00e+00 9.97e+00 0.00e+00 0.00e+00 1.78e+01
y Mean 0.00e+00 1.54e-01 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
K Std 0.00e+00 7.35¢-02 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
Y Mean 1.50e-32 8.89¢-01 4.85¢-03 3.33e-02 2.14e-07 9.92¢-07 1.47¢-01
1 Std 1.38e-47 6.26e-01 3.42¢-02 1.16e-01 2.09e-07 1.35¢-06 1.12e-01
7 Mean 1.57e-32 6.82e¢-01 6.41e-03 1.57e-32 6.48e-09 3.00e-09 8.94e-04
! Std 5.53e-48 6.26e-01 1.23e-02 5.53e-48 9.97¢-09 3.32¢-09 2.62e-03
Y Mean 1.35¢-32 1.92e-01 2.40e-01 1.35e-32 7.66e-08 6.90e-04 1.14e-02
" Std 1.11e-47 1.60e-01 6.88e-01 1.11e-47 9.72¢-08 2.63e-03 2.03e-02
10 SpherePRA%L 10"  Sum OfDig%zem Power 10" Schwefel 2.22p%% 10° -  Sum SquarespR %L
PK|
10’8 10°% 10°8
10> 107 10k
g 10k 7 g 107 2 10
g E E . E
Z 107} = Z 10 Z 10k
10 L 10" s
10 L 1070 107 L
10*‘“0 I 1 9 I | I I I I | -300 I I I I | 10400 I L L L |
0 200 400 600 800 1000 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Iteration Iteration Tteration Iteration
10"~ Schwefel 1.2pA% 10° Ackley A% 10° Rastrigin A% 10° - Noncontinuous Rastrigin
10" 1o
107"+ 10
2 10 g 107 2 2
El El £ 107 £ 1074
= 10"+ ) 107 i) [} \
107:00 s 1040 1 10—") 7&
250 ]0 ‘
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Iteration

—o— [PSO-VP —*— MeanPSO —— TCSPSO —— LDWPSO —&— SL-PSO —— PHSPSO
B3 12U S S 2 (30 4 )
Fig.3 Convergence curves of 12 test functions(30 dimensions)
AyHTFE 4 MK 3 ]IS (IPSO-VP) TE 30 4E £, . fo fo for fo 5 AN BANE KRR | ToiB R RS i
WSk B R RRE ME I T 6 AT LLEL , HAEREL S, | £, fo f5 1 IPSO-VP FARERAFRAE. X F
ZWERREL S\ [ fo fo . BRIR IPSO-VP 5 MeanPSO PHSPSO  TCSPSO 539 ¥ e 5K 15 o K0t DG (B ELSK A 1
e, (HAE 3 0] & ) TPSO-VP L ISR BE TP, XF T Z W% £,y f11  frn, IPSO-VP SR i1 B
B AR B SL-PSO Bk /M 5 ANk, Bk SL-PSO 53k R A 5 TPSO-VP Bk A IR, {H A 3 i
SUMZ P& H IPSO-VP BRI SR P, 293248 100 ~200 R Z S5 8t 58 BUREA.
Rk — L BrIE IPSO-VP FARHAE 4 7 FhEIE S 5I7E 60 ZEHT 100 ZE 1Y 12 AN R 4L i 47 T8

Iteration

Iteration

—v— MPSO

Iteration
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ik, 2 5 .38 6 4 Blic % T4 B3EAE 60 4E 100 ZERY 12 NI R 2 b ST a2 47 50 IR 145 R A0~ E 3 4E
bR UEZE.
x5 THEERKRE R ANNREBHERNFEHENREE (D=60)

Table 5 Mean value and standard deviation of 7 algorithms for 12 test functions(D=60)

Function  Index IPSO-VP LDWPSO MeanPSO SL-PSO PHSPSO TCSPSO MPSO
Mean 0.00¢+00 1.46¢+01 2.26e-104 4.78¢-25 6.33¢-183 1.04e-99 3.26e+01
A Std 0.00e+00 4.42+00 1.48¢-103 4.01e-25 0.00e+00 4.83e-99 1.62e+02
. Mean 0.00e+00 2.70e+00 5.97¢-104 4.480-26 5.91¢-183 7.560-102 1.24e-52
f2 Std 0.00e+00 1.19¢+00 3.04e-103 5.19¢-26 0.00e+00 2.69¢-101 8.21e-52

Mean 0.00¢+00 5.550-14 1.60e-111 5.66e-70 2.58¢-34 2.09¢-150 1.31e-188
s Std 0.00e+00 1.18e-13 5.5le-111 1.99e-69 1.75¢-33 1.15¢-149 0.00¢+00
. Mean 1.19¢-240 6.02¢+00 2.25¢-52 1.92¢-13 1.73e-92 6.13¢-58 3.37e-29
fa Std 0.00¢+00 1.61e+00 7.61e-52 8.79¢e-14 4.466-92 1.61e-57 2.28¢-28
Mean 0.00e+00 1.28e+03 4.25e-101 8.67e+03 1.86e—-179 1.81e-71 4.32e+03
fs Std 0.00e+00 3.52¢+02 2.76e-100 3.17e+03 0.00e+00 7.94e-71 2.62¢+03
Mean 8.88¢-16 4.63¢+00 8.88¢-16 1.29¢-13 8.88¢-16 8.88¢—16 4.44e-15
fs Std 0.00e+00 6.16e-01 0.00e+00 5.48¢-14 0.00e+00 0.00e+00 0.00e+00
Mean 0.00e+00 6.06e+01 0.00e+00 9.43e+01 0.00e+00 0.00e+00 5.25¢+00
f Std 0.00¢+00 1.44e+01 0.00¢+00 6.150+01 0.00e+00 0.00¢+00 1.83e+01
Mean 0.00e+00 7.126+01 0.00e+00 3.36e+02 0.00e+00 0.00e+00 9.35¢+01
fs Std 0.00¢+00 2.97¢+01 0.00¢+00 3.79¢+01 0.00¢+00 0.00e+00 8.69¢+01
, Mean 0.00e+00 1.13e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
5 Std 0.00¢+00 4.89¢-02 0.00e+00 0.00e+00 0.00e+00 0.00e+00 0.00e+00
Mean 1.50e-32 3.08¢+00 1.16e-01 3.33e-02 3.32e-07 3.73e-01 1.68+00
Sro Std 1.38-47 1.53¢+00 4.25¢-01 1.16e-01 4.69e-07 1.94e-01 2.75¢-01
_ Mean 7.85¢-33 2.52¢+00 9.03e-02 1.57e-32 7.866-09 2.38¢-04 7.89¢+01
Ju Std 2.760-48 7.74e-01 3.13e-02 5.53¢-48 1.08¢-08 1.55¢-04 4.88e+02
Mean 1.35¢-32 6.16¢+01 5.06¢+00 1.10e-03 1.26e-07 1.08¢+00 2.03e+01
Sra Std 1.11e-47 2.65¢+01 1.04e+00 3.33e-03 1.44e-07 4.28¢-01 1.08e+02

F6 7HEEKRME 12 MWK ABE RN FHEMIREE (D=100)
Table 6 Mean value and standard deviation of 7 algorithms for 12 test functions(D=100)

Function Index IPSO-VP LDWPSO MeanPSO SL-PSO PHSPSO TCSPSO MPSO

X Mean 0.00e+00 7.51e+02 3.22e-101 4.11e-15 2.11e-182 1.30e-98 1.46e+03

h Std 0.00e+00 1.63e+02 1.53e-100 2.70e-15 0.00e+00 4.60e-98 1.43e+03

Mean 0.00e+00 1.19e+02 2.60e-103 4.78e~16 3.91e-182 3.83e-99 1.71e-46

f2 Std 0.00e+00 2.20e+01 1.35e-102 4.13e~-16 0.00e+00 1.56e-98 1.21e-45
. Mean 0.00e+00 1.03e-10 1.02e-110 2.00e-39 1.79e-33 4.31e-151 3.02e—-187

fs Std 0.00e+00 3.00e-10 4.90e-110 8.75e-39 1.01e-32 2.89e-150 0.00e+00

Mean 3.11e-243 3.40e+01 6.76e—52 3.73e-08 1.68e-92 2.74e-57 1.36e-25

fa Std 0.00e+00 4.67e+00 2.28e-51 2.75e-08 5.15e-92 7.56e-57 9.36e-25

. Mean 0.00e+00 1.21e+04 1.66e-101 1.09e+05 2.18e-174 6.88e—-68 1.87e+04

fs Std 0.00e+00 3.34e+03 6.56e—101 1.51e+04 0.00e+00 2.58e-67 9.28e+03

Mean 8.88e-16 8.11e+00 8.88e-16 1.05e-08 8.88e-16 8.88e-16 4.44e-15

fs Std 0.00e+00 7.23e-01 0.00e+00 3.05e-09 0.00e+00 0.00e+00 0.00e+00

Mean 0.00e+00 2.35e+02 0.00e+00 6.42e+02 0.00e+00 0.00e+00 2.87e+02

f Std 0.00e+00 2.93e+01 0.00e+00 2.31e+02 0.00e+00 0.00e+00 1.33e+02

Mean 0.00e+00 3.61e+02 0.00e+00 8.33e+02 0.00e+00 0.00e+00 3.41e+02

fs Std 0.00e+00 6.87e+01 0.00e+00 3.67e+01 0.00e+00 0.00e+00 1.18e+02

Mean 0.00e+00 8.01e+00 0.00e+00 9.86e—04 0.00e+00 0.00e+00 0.00e+00

5 Std 0.00e+00 1.86e+00 0.00e+00 3.15¢-03 0.00e+00 0.00e+00 0.00e+00

Mean 1.50e-32 8.34e+00 5.54e+00 1.72e+00 8.84e-07 3.37e+00 4.60e+00

Sro Std 1.38e-47 2.73e+00 1.29e+00 1.42e+00 1.19¢-06 4.24e-01 3.32¢-01

Mean 4.71e-33 7.93e+00 1.41e-01 8.71e-03 5.33e-09 1.04e-02 3.34e+04

Jn Std 6.91e—49 3.03e+00 2.90e-02 2.82e-02 9.06e-09 4.20e-03 1.58e+05

. Mean 1.35¢-32 1.64e+02 8.44¢+00 1.54e-03 2.46e-07 6.84e+00 2.81e+04

fra Std 1.11e-47 3.44e+01 1.55e+00 3.85¢-03 2.69e-07 5.74e-01 7.78e+04
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Fig.4 Convergence curves of four test functions( 100 dimensions)
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